Purpose: Respiratory motion prediction using an artificial neural network (ANN) was integrated with pseudocontinuous arterial spin labeling (pCASL) MRI to allow free-breathing perfusion measurements in the kidney. In this study, we evaluated the performance of the ANN to accurately predict the location of the kidneys during image acquisition. Methods: A pencil-beam navigator was integrated with a pCASL sequence to measure lung/diaphragm motion during ANN training and the pCASL transit delay. The ANN algorithm ran concurrently in the background to predict organ location during the 0.7-s 15-slice acquisition based on the navigator data. The predictions were supplied to the pulse sequence to prospectively adjust the axial slice acquisition to match the predicted organ location. Additional navigators were acquired immediately after the multislice acquisition to assess the performance and accuracy of the ANN. The technique was tested in eight healthy volunteers. Results: The root-mean-square error (RMSE) and mean absolute error (MAE) for the eight volunteers were 1.91 AE 0.17 mm and 1.43 AE 0.17 mm, respectively, for the ANN. The RMSE increased with transit delay. The MAE typically increased from the first to last prediction in the image acquisition. The overshoot was 23.58% AE 3.05% using the target prediction accuracy of AE 1 mm. Conclusion: Respiratory motion prediction with prospective motion correction was successfully demonstrated for free-breathing perfusion MRI of the kidney. The method serves as an alternative to multiple breathholds and requires minimal effort from the patient.
INTRODUCTION
Renal perfusion is an important biomarker for assessing kidney function. 1 Arterial spin labeling (ASL) 2 is a noninvasive method that uses blood water as an endogenous tracer to measure perfusion in various organs including the kidneys. [3] [4] [5] [6] [7] [8] [9] The principle of measuring the perfusion rate with ASL involves acquiring two images: a labeled image in which the spins (magnetization) of water in the inflowing blood are inverted, and a control image in which the spins are not inverted. The tissue perfusion is proportional to the difference signal from the two images (i.e., control-label). 10 ASL has low perfusion signal-to-noise ratio (SNR), so multiple pairs of the label and control images are typically acquired and the signals are averaged. Therefore, the technique is susceptible to perfusion errors caused by motion. Background suppression, multiple breathholds (including with respiratory feedback or synchronized with image acquisition), respiratory gating to acquire data only when the diaphragm is between a given region, and retrospective sorting of images are used to address the effects of motion. 8, 11 Breathholds result in a low acquisition efficiency as additional time is required for the patient to recover between breathholds. 8 The number of acquisitions is limited for each breathhold and the first acquisition may need to be discarded as a steady-state is not usually achieved on the first repetition. 8 In addition, it is difficult to remain completely motionless and avoid breathhold drift during a moderate to long breathhold (15-20 s) , particularly for sick patients. 12 It is also difficult to maintain the same position between different breathholds, even with respiratory feedback. 13 Alternatively, respiratory gating is not well suited for ASL because of ASL's long repetition time (TR) and the large number of discarded acquisitions expected for a narrow acquisition window. 8 Real-time organ or landmark position information can be acquired using navigator-echoes.
14 Navigator gating is well suited for imaging sequences with short TRs. However, the technique is poorly suited for ASL or other functional scans (e.g., diffusion weighted imaging) that require a long TR and multiple acquisitions for signal averaging or longitudinal tracking as the anatomical landmark (e.g., lung/diaphragm boundary) typically lies within the acceptance window < 30% of the time.
With prospective motion correction (PMC), navigatorechoes are used to determine the motion of the organ of interest and correct the motion by adjusting the image acquisition in real-time. 15 "Gate and Follow" techniques use a 1D navigator readout and acquire image data if the respiratory landmark lies within the acceptance window after shifting the slice excitation based on the measured displacement. The technique typically works for one slice or slab at a time and may have an acquisition dead time of > 50% assuming short TRs. "Trigger and Follow" techniques use a respiratory training period followed by a 2D navigator readout (typically 100 ms in duration). 16 "Trigger and Follow" is subject to motion during the image acquisition depending on the number of slices acquired. Prospective motion correction was used in cardiac, liver, and brain studies. 15, [17] [18] [19] [20] Navigators were previously used in ASL with single-slice acquisitions. A 2D navigator was used with flow-sensitive alternating inversion recovery (FAIR) and single-slice truefast imaging with steady-state precession (True FISP) to permit free-breathing perfusion magnetic resonance imaging (MRI). 21 Perfusion maps were calculated using control and label images acquired at the same diaphragm position. Crosspair navigators were used for prospective motion correction with single-slice True FISP FAIR acquisitions in the kidney and for retrospective analysis using True FISP pseudocontinuous ASL (pCASL) in the liver. 22, 23 A navigator-gated, ECG triggered single-slice True FISP FAIR sequence was used to measure cardiac perfusion.
24 3D navigators were used with 3D pCASL acquisitions and prospective motion correction in the brain. 25 Much of the innovation in respiratory motion sampling, prediction, and real-time adaptation is being driven by image-guided radiotherapy. Respiratory motion prediction (RMP) was shown to improve the accuracy of image-guided radiotherapy latencies of ≥ 200 ms or sampling rates of ≤ 10 Hz. 26 To date, no other MRI studies have implemented RMP in PMC to enable a long latency between the collection of navigator data and the time of image slice acquisition. However, RMP was used in a retrospective analysis of MRIs. 27, 28 The recent availability of integrated MRI-guided radiotherapy has encouraged feasibility studies of integrating RMP in cine-MRI for MRI-guided radiotherapy. 29, 30 For example, a recent simulation showed RMP would decrease MRI-based tracking errors to 0.2-1.2 mm for latencies of 50-300 ms and acquisition times of 25-750 ms. 31 Therefore, the integration of RMP with 3D and 4D cine-MRI in MRI-guided radiotherapy should be forthcoming.
The artificial neural network (ANN), a flexible tool to model complex nonlinear systems, was used in various MRI applications. 32, 33 Among the various ANN types, the multilayer perceptron is one of the most widely used. 34 In this study, we present the first prospective application of RMP in MRI. RMP using pencil-beam navigators 35 and a multilayer perceptron ANN was integrated with pCASL 36 in a freebreathing acquisition. The purpose of this study was to develop a free-breathing technique that is both efficient in scanning time and accurate in reducing respiration-induced errors. The ANN algorithm was used to predict the kidney position during multislice acquisition for real-time adjustment of the pulse sequence.
MATERIAL AND METHODS
The pCASL-RMP technique including the pencil-beam navigator was primarily developed and tested at the University of Pittsburgh MR Research Center. The renal perfusion data were acquired at the Washington University in St. Louis Center for Clinical Imaging Research. All studies were performed on healthy volunteers after informed consent was obtained in accordance with an Institutional Review Boardapproved protocol for the applicable institution. Eight healthy volunteers were scanned on a 3 T mMR (PET/MRI) scanner (Siemens Medical System, Erlangen, Germany).
Volunteers were scanned supine using spine and flexible body phased array coils. A peripheral pulse sensor was placed on their finger for gating arterial velocimetry used in the pCASL inversion efficiency calculations. Respiration was recorded using an air pressure sensor pad and sampled at 50 Hz. The respiratory waveforms were analyzed to compare breathing patterns during ANN training and post-training (i.e., during pCASL image acquisition) by: (a) acquiring the frequency distributions of the respective training and posttraining waveforms using a fast Fourier transform and (b) calculating the Pearson's correlation coefficients between the training and post-training frequency distributions.
2.A. Pulse sequence schema
Renal perfusion was measured using a 2D multislice pCASL sequence. A schema of the sequence flow is shown in Fig. 1 and discussed below. The pulse sequences and RMP were implemented using Siemens' integrated development environment for applications (IDEA) and image calculation environment (ICE) compilers (VB20P).
The goal for the RMP was to eliminate the need for respiratory motion measurements between each slice acquisition. In ASL, it is desirable to acquire images as quickly as possible after the transit delay as the ASL tracer is decaying with the T 1 of the tracer (e.g., blood). The use of "Trigger and Follow" typically requires the insertion of a navigator before each slice acquisition, thereby reducing the image acquisition duty efficiency by 30-50% for echo planar imaging (EPI). The successful RMP would maintain a high imaging efficiency while still allowing the slice to follow the motion of the organ.
2.B. Pencil-beam navigator
We substituted a 1D pencil-beam navigator using a 2D excitation with spiral trajectory (flip angle = 10°, TE/ TR = 4/100 ms, excitation radius = 10 mm, readout pixel size = 0.5 mm, readout coverage = 256 mm) for the standard Siemens cross-pair (90°-180°) navigator to permit consistent navigator profiles. 35 The duration of the navigator excitation and readout was < 15 ms. The aim of the navigator was to acquire a 1D profile in the cranial-caudal direction to determine the diaphragm position. The navigator was executed during 19-s scouts to identify a location in the top right dome of the liver that yielded a satisfactory respiratory trace.
Navigator-echoes were acquired for 60 s to train the ANN. The navigator-echoes were acquired consecutively and reconstructed into 1D profiles in real-time using ICE. The diaphragm displacement was calculated by comparison with the first (reference) navigator profile. Based on lessons learned, a 20-s delay was placed between the end of the navigator-echo acquisitions and the start of the pCASL acquisitions to ensure the ICE program had sufficient time to calculate the ANN weights particularly in the case of complex breathing or noisy navigator data.
During the pCASL transit delay, navigator-echoes were acquired to measure the diaphragm position as input to the ANN for prediction of respiratory motion in the pCASL multislice acquisition. During the TR fill time (i.e., immediately after the image acquisition and before the start of the next repetition), navigators were acquired to assess ANN prediction performance by comparing the predictions with actual displacements.
2.C. pCASL EPI Sequence
An unbalanced pCASL sequence was used for this study with: TE/TR: 18/7500 ms, label time/transit delay: 1.6/1.5 s, label flip angle: 28.7°, label gradient flattop: 11 mT/m, mean labeling gradient: 0.8 mT/m, slice thickness: 5 mm, 15 slices, FOV: 260~330 mm, acquisition matrix: 64 9 64, receiver bandwidth: 3000 Hz/pixel, 7/8 partial k-space. Normally, the TR was set to 5 s but we added an additional 2.5 s after the image acquisition to acquire supplementary navigators and evaluate the performance of the RMP in the volunteers for this study. Axial 2D multislice EPI images were acquired at 50 ms/slice. 36 The labeling plane was placed inferior to the lung/diaphragm boundary (superior to the kidneys) to minimize interference of the labeling/control irradiation and the navigator magnetization and the effects of field inhomogeneity on labeling efficiency associated with the lung/tissue susceptibility. 37 With RMP, there are two considerations for choosing the transit delay: (a) The transit delay allows the labeled spins to arrive at the kidney tissue but not longer as the label is decaying with a relaxation time of T 1 ; and (b) Enough navigator measurements are acquired to enable adequate prediction precision. Each volunteer was scanned twice with the pCASL-RMP sequence and once with free-breathing pCASL without The training was performed at the beginning of the pseudocontinuous arterial spin labeling-respiratory motion prediction (pCASL-RMP) sequence. The pCASL irradiations were 1.6 s followed by a 1.5-s transit delay that included the navigators for measuring respiratory motion. We acquired 15 imaging slices in 0.7 s. We added an optional 3.7 s TR fill period that included 37 navigators for assessing RMP performance.
navigators and RMP (same parameters except the TR was 5 s).
2.D. Data processing of navigators
The navigator profile was first interpolated between two neighbor pixels to achieve a resolution of 0.25 mm in the readout direction. The navigators were normalized to address amplitude variations. A reference navigator was chosen at the beginning of the training phase and placed at the diaphragm and liver boundary. The reference navigator profile ranged between AE 30 mm with the center of the profile located at 0 mm. The displacementd was determined by minimizing the sum of squared errors between the reference and input navigators. A tracking factor of 0.7 was used to convert the diaphragm displacement to a kidney displacement based on the literature and our preliminary volunteer tests. 38 
2.E. Artificial neutral network
A three-layer ANN was implemented with n 1 = 15, n 2 = 10, n 3 = 7 number of nodes on each layer, respectively. A time-delayed vector of diaphragm displacement dðt À sÞ;dðt À 2sÞ; . . . Â Ã was fed to the nodes in the input layer where s is the navigator TR. We sampled the displacement every 100 ms (s) to properly characterize the dynamics of the trajectory, avoiding unnecessary random fluctuations from sampling too frequently.
The ANN was compiled using ICE and executed on the MR image reconstruction (MRIR) computer. Navigator displacements were sent continuously to the measurement and physiologic control unit (MPCU) and logged. After the final navigator in the transit delay, the predictions for the 2D slice excitations were transmitted to the MPCU where they were converted into slice excitation frequency offsets by the pulse sequence based on the slice acquisition timing and uploaded to the RF digital signal processor in real-time. The final navigator period was fixed at 100 ms to ensure adequate time for the MRIR-MPCU communications and implementation of the slice frequency offsets.
The performance of the ANN predictions was assessed in two ways. First, the prediction performance was evaluated in real-time by applying the ANN to the TR fill navigator data, starting from the first navigator in the TR fill, and using a moving window with the same length as the transit delay (nominally 15 navigators). The ANN prediction errors were calculated by using the successive navigator-echo measurements occurring after the window's input displacements. The calculation was re-performed by incrementally moving the window forward in time until the end of the TR fill time was encountered. In addition, we varied the length of the moving window to assess the effects of the transit delay (i.e., number of input nodes) on the prediction accuracy during off-line simulations.
Second, we analyzed the correspondence between the last navigator acquired in the transit delay and the first prediction, and the last prediction and the second navigator acquired during the TR fill. The first navigator in the TR fill (postimaging) was not used because we observed that the liver magnetization was affected by image acquisition (images were acquired from foot to head), particularly when the distance between the liver dome and the superior portion of the kidney was small.
For all comparisons, absolute prediction errors and rootmean-square errors (RMSE) were calculated between the ANN prediction and the navigator-echo displacements. The overshoot was calculated as the percentage of predictions that exceeded the targeted precision. We chose a target precision magnitude of 1 mm for three reasons: (a) the spatial resolution of the original 1D cross-pair navigator was 1 mm; (b) preliminary studies indicated that 1 mm predictor precision was challenging but achievable; and (c) through-plane subtraction errors were assumed to decrease with a decreasing ratio of tracking precision to slice thickness. The 1-mm target was intended to ensure subtraction errors were dominated by in-plane motion often observed as hypoperfusion or hyperperfusion at the periphery of the kidneys. By comparison, breathholds tended to be subject to diaphragm drift of 2 mm in the cranial-caudal direction, whereas free-breathing could result in diaphragm excursions of 2-3 cm. 12 
2.F. pCASL inversion efficiency
The mean inversion efficiency of the pCASL sequence was calculated for typically 5-6 cardiac phases at the labeling plane. The inversion efficiency for each cardiac phase <a i > was calculated based on a Zhernovoi model 39 for adiabatic fast passage, and modified for pCASL:
where c is the gyromagnetic ratio for proton, v i is the arterial blood velocity measured at the labeling plane for cardiac phase i, and <B l > and <G l > are the mean pCASL labeling RF and gradient amplitudes, respectively. Alternatively, one can calculate the inversion efficiency by solving the Bloch equations but we found the results were equivalent. The mean velocity of blood in the descending aorta (<v i >) was measured for each cardiac phase at the pCASL labeling plane using a single-slice phase contrast cine gradient echo sequence: TE/TR: 10/150 ms, FA: 15 degrees, slice thickness: 5 mm, FOV: 300 9 300 mm 2 , Matrix: 256 9 256, v enc = 120 cm/s, rBW: 260 Hz/pixel.
A region of interest was drawn within the lumen of the descending aorta for each cardiac phase and the mean image phase was calculated and converted into a mean velocity <v i >. The volume flow rate (Q i ) for each cardiac phase was calculated as the product of <v i > and the corresponding lumen area A i . The mean inversion efficiency for the cardiac cycle was calculated as:
2.G. Perfusion quantification
The quantitative renal blood flow was calculated using:
where f is the perfusion rate in ml/100 g-min, k is the blood-tissue water partition coefficient which was assumed to be a constant value of 0.8 ml/g (Ref.
3), <a> is the inversion efficiency as discussed above, DM is the mean difference signal (control-label), t acq is the time of image acquisition relative to the start of the label pulse train, s is the label pulse train duration, M c is the mean unlabeled MRI signal, and T 1a is the longitudinal relaxation time of the arterial blood, (1.5 s at 3 T 40 ). We assumed the transit delay was longer than the tracer arrival time yet ignored relaxation time changes associated with tracer exchange with the tissue compartment.
We manually segmented the kidneys based on the first repetition of each acquisition. Pixels with negative perfusion values or values > 750 ml/100 g-min were excluded. We set an upper perfusion cutoff and lower perfusion threshold for renal medulla and cortex, respectively, at 150 ml/100 g-min as the low in-plane resolution and partial volume prevented us from clearly delineating the cortex from the medulla in the images. 5, 7, 41, 42 3. RESULTS Figure 2 depicts the advantages of the pencil-beam navigator for the pCASL-RMP pulse sequence. First, the pencilbeam navigator has a smaller saturation profile than the cross-pair navigator, and the former minimizes saturation of the perfusion volume of interest. Second, the profiles for the pencil-beam navigator are consistent and uniform between successive measurements. Figure 3 shows the mean absolute error (MAE) and distribution for the eight volunteers using the ANN predictor and the nominal 1.5-s transit delay. The MAE was 1.43 AE 0.14 mm. The RMSE for the eight volunteers was 1.91 AE 0.17 mm for the ANN. The overshoot was 23.58 AE 3.05% using the target prediction accuracy of AE1 mm. Figure 4 provides an example of the navigator displacements and ANN predictions for one of the volunteers. Figure 5 shows the absolute difference between the last transit delay navigator and the first prediction (LNFP), and the last prediction and second TR fill navigator (LP2N). Using a AE 1-mm criterion, the acceptance rate averaged over the eight subjects was 60.78 AE 8.77% using the first prediction (LNFP) and 32.5 AE 7.97% based on the last prediction (LP2N). The mean absolute differences for the eight volunteers were 1.47 AE 0.43 mm (LNFP) and 2.32 AE 0.37 mm (LP2N). The RMSEs for the eight volunteers were 1.96 AE 0.55 mm (LNFP) and 2.97 AE 0.49 mm (LP2N). Medical Physics, 44 (3), March 2017 Figure 6 shows the effects of varying the transit delay (i.e., the number of ANN inputs before imaging) on the prediction RMSE and includes the absolute error distribution. According to the analysis, the prediction accuracy generally degrades with increasing transit delay. Please note that the RMSE for the 1.5-s transit delay in Fig. 6 is slightly higher (2.09 AE 0.20 mm) than that of Fig. 3 . The reason is that Fig. 3 data came from the real-time ICE calculations generated during the MRI and recorded to a log file, whereas the Fig. 6 results were calculated during the off-line simulations. The discrepancy is related to the differences in initialization of the ANN (i.e., the random seed) and that the simulation included all of the postimaging navigators (the first log file for Volunteer 1 was incomplete).
3.A. Respiratory motion estimation

3.B. ANN prediction
3.C. Renal perfusion measurement
The demographics for our volunteers are shown in Table I . We did not observe any significant covariates for renal perfusion given our small sample size. Table I includes the Pearson's correlation coefficients resulting from the analysis of the respiratory sensor data between the ANN training and pCASL post-training periods. The renal perfusion values for combined, cortex, and medulla are shown in Table II . An example of the perfusion maps for one of the volunteers is shown in Fig. 7 . The mean inversion efficiency for the eight volunteers was 0.9435 AE 0.01.
DISCUSSION
4.A. Navigator profile and processing
The substitution of a pencil-beam navigator for the crosspair navigator was critical to the performance of the RMP. Consistent profiles facilitated the accurate calculation of displacements. The pencil-beam navigator successfully measured diaphragm motion along the cranial-caudal direction at the high sampling rate required for the ANN. A pencil-beam navigator was previously used for navigator-gated pCASL of the kidney. 43 We tested several different flip angles for the navigator. A 10 0 flip angle was significantly lower than the Ernst angle (~28°for liver) for a 100 ms TR. However, the primary concern was to generate consistent navigator profiles to ensure the displacement calculation was not affected by a transient state. In addition, the lower flip angle minimizes the saturation of the imaging volume of interest. Despite the low navigator flip angle, the navigator-echo SNR was high at 3 T and we were able to get quality traces.
The technique was sensitive to the positioning of the navigator. It often took several attempts to position the navigator for a clear trace as individuals have unique breathing patterns. Even if the trace was clear, it may not have represented the full range of motion. We also observed that the navigator trace sometimes changed during the exam (e.g., after deep breathholds) and the position of the navigator had to be updated.
The fixed tracking factor (i.e., 0.7) may have increased the ANN prediction error as the relationship between diaphragm and kidney displacement varies between individuals. In principle, the tracking factor should be measured for each individual although this may increase examination time and the burden on the technologist.
It is possible to use respiratory sensor (e.g., bellows or pressure pad) data as an alternative or complement to the navigator-echo data. 44 However, respiratory sensor signals are typically processed with autoranging and the signals are not directly proportional to respiratory displacements. Respiratory sensor data are also prone to drift (e.g., movement of the sensor during the exam) and contamination from cardiac motion. The sensor data are best used to distinguish respiratory phase.
4.B. ANN prediction algorithm
The accuracy of the ANN prediction algorithm depended on several factors. First, the training phase of the ANN algorithm was crucial for the prediction performance as the predictions were based on the training respiratory patterns. We reserved 80 s for ANN training and processing, although a shorter time may be used for subjects with well-behaved breathing. Second, decreasing the number of input nodes and/or decreasing the number of output nodes of the algorithm increased the accuracy of the prediction performance. The number of nodes in the hidden layer was not so critical in the prediction performance, as long as its value was between the number of input nodes and output nodes, and bridged the connections between them.
Finally, the prediction error typically increased with latency. Based on Fig. 5 , the difference between navigator displacement and prediction typically increased from the first to last prediction. The latency between the last transit delay navigator and the first prediction was 100 ms, whereas the virtual time difference between the last prediction and the second TR fill navigator was~150 ms. In practice, all of the predictions were calculated before the end of the transit delay so the latency between the last prediction and the second TR fill navigator was~900 ms. Therefore, it is not surprising that the absolute error is higher for the last prediction.
A transit delay of 1.5 s was a compromise between the performance of the RMP and the magnitude of ASL difference signal. The ASL tracer was decaying with T 1 during the transit delay. It is desirable to maintain the transit delay to be just larger than the tracer's transit time from the labeling plane to the parenchyma. The transit time to the kidney was estimated to be 0.4-1.5 s depending on the cardiac cycle. 45, 46 Our results indicate that the prediction error tended to increase with increasing transit delay based on multiple volunteers.
The ANN was not designed to adapt to breathing changes that occurred between training and image acquisition. This requires an RMP method that updates the prediction network while the sequence is running, e.g., using the navigator displacements acquired after training. Once successfully trained, the navigator processing time for the current version of the ANN was less than 10 ms. Nevertheless, the analysis of the respiratory frequency distributions measured from the respiratory sensor indicated high correlations between respiratory behavior during and after ANN training (Table I) .
We tested two navigator sampling rates (10 and 20 Hz) and did not observe a significant difference in prediction accuracy. A 100-ms period was desirable as we needed to ensure adequate time for the predictions to be converted into frequency offsets and loaded in the digital signal processors. In addition, higher sampling rates increase the computational burden of the ANN training period.
The choice of prediction algorithm is critical. We evaluated a variety of linear and stochastic algorithms using MRI and image-guided radiotherapy data. [47] [48] [49] [50] [51] [52] The piecewise linear sample path model and a weighted Fourier linear combiner both showed promise for the pCASL application. 53, 54 We also tested the constant velocity and acceleration Kalman filter 55 using MRI data but found it could not track respiratory nonlinearities. We selected the ANN for its performance, flexibility, low computational requirements, and ease of implementation in the IDEA/ICE environment. Nevertheless, prediction algorithms with improved accuracy, particularly for irregular breathing, are needed.
4.C. Renal perfusion
The resulting perfusion values are consistent with past studies. 7, 42 As our main objective was evaluating the performance of the ANN predictor, we did not apply advanced perfusion quantification methods for this study. Therefore, the We did not observe a significant difference in perfusion between the repetitions or between RMP and free-breathing pCASL, similar to a previous study. 11 A correlation analysis indicated that perfusion variance rose as the mean absolute prediction error increased but the results were not statistically significant (P ≥ 0.07). Nevertheless, the intersection of the imaging slice and kidney is generally more consistent for pCASL with breathhold and RMP versus free-breathing (Fig. 8) . Therefore, free-breathing pCASL may be adequate for assessing global renal perfusion, whereas pCASL with breathhold or RMP may be better suited for assessing localized perfusion.
The technique was applied to axial slice acquisition for which the primary component of respiratory motion is through-plane, thus representing the greatest challenge for the RMP-PMC technique. Other renal ASL studies used coronal or sagittal acquisitions which are less sensitive to respiratory motion as the primary components of the motion are in-plane and can be corrected in postprocessing using image co-registration. However, coronal or sagittal acquisitions may perturb the magnetization of the endogenous tracer during inversion or transit unless the prescription is adjusted to avoid the supplying arteries and the heart. 5 Axial acquisitions may permit smaller fields-of-view (higher image resolution) and reduce the risk that imaging will affect the magnetization used by a navigator (e.g., for retrospective image sorting).
For this study, we acquired low-resolution EPI images (matrix: 64 9 64 resulting in~4.7 mm in-plane resolution) to cover the volume including the kidney. We successfully tested the RMP-PMC technique using 128 9 128 (2.4 mm resolution) EPI acquisitions. However, the longer acquisitions require a corresponding reduction in the total number of slices acquired as an increase in the latency will result in decreased prediction accuracy. In other renal ASL perfusion studies, anywhere from 1 to 34 slices are acquired using single-shot and multi-shot techniques typically with in-plane resolutions of >2.5 mm. 8, 43, 57 In addition, the longer EPI acquisition may reduce the perfusion SNR and increase artifacts that are common in low-resolution EPI images in the abdomen. Improved fat saturation or rejection, B 0 shimming, and pulse sequence optimization strategies may reduce the artifacts.
RMP can be integrated with background suppression. 58 The navigators can be run in between the background suppression and superior saturation pulses during the transit delay. 11 We observed that in some of the volunteers, the distance between the top of the superior kidney and the right dome of the liver can be small (< 5 cm). This presents a challenge as it is important that the labeling plane and background suppression leave several centimeters of the superior portion of the liver undisturbed to maintain the consistency and integrity of the navigator trace.
As far as we know, this is the first application of RMP for PMC of MRI. It is an extension of "Trigger and Follow". The integration of RMP in ASL represents a challenging application as latencies can range up to 1 s. However, the technique can be adapted to other sequences with long latencies, e.g., diffusion tensor imaging, 4D MRI, and T 1q . 59, 60 
CONCLUSIONS
In conclusion, multislice pCASL with RMP allows freebreathing measurements of renal perfusion without substantially increasing examination time or requiring patient effort for breathholding. Nevertheless, further work is required to improve the prediction accuracy of the RMP and the quality of the perfusion maps. R01 CA159471. Our research also received support from the Nevada Cancer Institute, the University of Pittsburgh, Washington University in St. Louis, The University of Texas MD Anderson Cancer Center, and UCLA. We are indebted to Cornell University's Yi Wang, Than Nguyen, and Pascal Spincemaille for providing technical expertise during the formative period of this project. We also appreciate the technical assistance of Siemens Healthcare, especially Agus Priatna, Tiejun Zhao, Vibhas Deshpande, and Mark Brown. We thank Tamara Locke from The University of Texas MD Anderson Cancer Center for editing our manuscript.
CONFLICTS OF INTEREST
The authors have no relevant conflicts of interest to disclose.
a)
Author to whom correspondence should be addressed. Electronic mail: gachhm@wustl.edu.
